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Computer viruses spread by attaching to an e-mail message and sending themselves to users whose ad-
dresses are in the e-mail address book of the recipients. Here we investigate a simple model of an evolving
e-mail network, with nodes as e-mail address books of users and links as the records of e-mail addresses in the
address books. Within specific periods, some new links are generated and some old links are deleted. We study
the statistical properties of this e-mail network and observe the effect of the evolution on the structure of the
network. We also find that the balance between the generation procedure and deletion procedure is dependent
on different parameters of the model.
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I. INTRODUCTION Currently, many computer viruses spread through a net-
work by attaching to an e-mail message and sending them-

In the past decades, the structures of various networks IDoves to many other people whose e-mail addresses are in

the real world have been well studied by many researchgr?he recipient’s e-mail address book, a file containing a list of

Erdos and Renyi first introduced random-graph theory Me-mail addresses of frequent correspondents. This structure

1959 [1], in which edges are distributed randomly and theRoes not have to be the address book as implemented in most

presence or absence of any edge between two nodes in te(—amail software, it can also just be a file with e-mails that are

Some further mathematical development of fandom-grapiS¢d 10 send new e-mais
P 9rabN some research workl4,15 used real data from server

theory is described ifi2]. It has been found that the degree log files or address books of large computer systems and

distribution of a random graph networks follows a POIssonapplied the data in computing the statistical properties. Their

distribution, results show that the e-mail networks display scale-free and
n Xe? small-world behaviors, indicating that viruses are easy to
P(k) = K ph(L - p)N k= " k= 0. spread in real e-mail networks.

In our studies, our emphasis is different from other re-

Numerous networks, particularly in epidemiology studies,s€arch work(i) we construct an e-mail network model that is
have been viewed and analyzed as random graphs. Howevéitermediate in sophistication between the simplified models
random graphs fail in describing the structural properties ofeéeded for application of statistical physics methods, and
some real-world networks. The study of networks such agnodels of the real world that require numerous parameters;
networks of movie actor collaboratidB,4], science collabo- (i) in the line of our previous work on dynamic behavior of
ration [5], WWW [6,7], and Interne{8] found that the de- @ network in[16], we regard our e-mail address network
gree distribution of these networks deviates measurably froflodel as an evolving network, in which links can be added
a Poisson distribution, but follows a power-law distribution: @d deleted periodically based on some rules. This is
P(k) ~ k. It indicates that the networks can self-organize todifferent from the two mechanisms in Barabasi's scale-free
a scale-free state, where some highly connected “hub” noddgodel[4]. _ _
strongly affect the structure and dynamics of the networks. In N [14], it is shown that removing some suitably selected
1999, Barabasi and Albert presented4i that the origin of ~ Vertices or disabling the account of the most connected node
this scale-free behavior was found to be a consequence §&n slow down the spread of a virus through the network and
two mechanisms: growth of nodes and preferential attachS@ve some time for a patch. In this paper, we assume users in
ment to well connected nodes. the network organize their e-mail address book periodically
The understanding of topological and statistical propertiedy deleting and adding some e-mail addresses of users. In
of these networks is becoming very important. The method&is paper, we perform an analysis of our model. We also
for measuring a network’s topology such as degree distribuPresent the results of our simulation with different parameter
tion, average path length, and clustering coefficient havésettings to analyze the effects of evolution on the structure of

been illustrated if9—11]. the e-mail address network.

Networks with scale-free behaviors are robust to the fail-
ure of some node. In contrast, they are very vulnerable to Il. THE EVOLVING E-MAIL ADDRESS
attack since the direct attack to “hub” nodes could cause NETWORK MODEL

severe damage to the entire network. Therefore, currently,

the spread of infection becomes of special interest in the E-mail networks are quite different from the networks
study of complex networks. Some research has been done toentioned above in that some social networks were modeled
investigate how the connectivity of these networks affectsas bipartite graphs and some as undirected graphs, while
the spread of human diseases and computer virfise$3. e-mail networks are directed graphs, indicating that each link
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in the network has a direction. In our model, the nodes of theviruses through the network. Within every restricted period
e-mail network represent e-mail address books of differenty, users check the amount of e-mails sent from them to other
users, which are connected by links running from user A tausers; if they find that the amount to some users whose ad-
user B if B's e-mail address is in A's e-mail address book. dresses are already in their address books is less than the
We construct an e-mail network witN nodes, and in deletion thresholdl, they delete these e-mail addresses. This
order to investigate the scalability of the network, the size ofcorresponds to the situation when the links running from
the network is increased in different simulations. We attempsource nodes to the seldom contacted nodes are no longer
to create a simple virtual e-mail exchange network as fol-existing in the network. Thus the connectivity of nodes in the
lows: at each time step, we assume that an individual user inetwork after the deletion procedure can be shown as
the network sends a specific amount of e-mails to all the
users in the network. We denote the number of e-mails sent C(t+ty = {Cij(t), Akjj(tg) > d,
! 0, Ak;(tg) < d,

from the source nodeto the target nodg¢ by k;;. Then the
total number of e-mail& exchanged in the network within where Ak; (ty) is the number of e-mails sent from source
nodei to target notej within period ty, Ak;(ty)=k;(t+ty)

(4)

each time step is

N N —ki; (t).
ij
E= E 2 ki, k;j=0,1,2,.... (1) By investigating the connectivitg;;, we can further study
i=1j=1 how these parameters illustrated above sucly,ad, tg, tg

Here, users are allowed to send e-mails to themselves béffect the structural properties of the evolving e-mail net-
cause people usually use this to save or transfer some files, ¥ork, €.g., average number of links in the network, average
to test whether their e-mail boxes are working. Users whd?ath length, clustering coefficient. This will be shown in
receive these e-mails from the sender are selected randomBec- V.
in the network. Recently, some studig47,18 show that it is important
At the initialization stagét=1), the network is built up by ~and feasible to investigate statistical properties of complex
connecting every source node to all its target nodes with aR€WOrks by assigning weights to edges as in complex net-
individual link if at least one e-mail has been sent from theWorks. Particularly[17] shows how the strength of the rela-
source node to the target nodes. The connectivity of thi$lons in e-mail networks can be measured. Moreover, the
network can be represented by ix N adjacency matrix C ~ Mmechanism called preferential exchange based on the idea of
The value of an elemer@; is either one or zero, indicating POsitive feedback has been found suitable to model e-mail
that there is a link running from source noid® target node  Ne€tworks. For our model, it is a possible direction for further
j or vice versa, studies to assign weights of edges according to the amount of
e-mail exchanged over links, so that some other network
1, k() =1, properties, such as vertex strength{18] which is in terms
(D)= 0, kj(1)=0. @ of weights and adjacency matrix, can be investigated just as
o ) the structural properties that we have studied in this paper.
After the initialization stage, the e-mail network evolves we can also study the effects of parameters correlating with
following the rules of generation and deletion. generation and deletion procedures discussed in the paper on
Generation We let all users in the network check the stryctural properties which incorporate the weights of the
amount of e-mails that have been sent from them to othegonnections. Moreover, comparison of results can be made

users evenyty time units. Herety indicates how often we petween models using preferential exchange and preferential
carry out the generation procedure. Within perigdif the  attachment.

number of e-mail contacts from source nade target node
j exceeds the generation threshg|chodej’s e-mail address
should appear in nodés e-mail address book, corresponding ll. ANALYSIS OF THE MODEL

to a link running fromi to j. In this case, we add a link from o .
i to j if there is no link existing. On the other hand, if there ~ Erdds discovered that the probabilistic method can be

is already a link existing, the connectivity will not change. Used in solving problems in graph theory. Some research
Thus the connectivity after the generation procedure can berésents methods to calculate the edge probabilities as

presented as in [19]. L :
According to the description in Sec. II, in our model the
Cij() +AC, Ak;(ty) > g,

probability of obtaining a direct link from one node to an-
Cylt+ty) = {C--(t) Aki(t) < g (3 other node depends on whether there are enough e-mails sent
e e ’ from source node to target node. In addition, the threshold of

where AC=(1-C;)), indicating that wherC;j(t) is zero(no  generating linksg and deleting old linksd, the generation

link existing), add 1 to the new value a; and whenC;;(t) interval (ty), and deletion intervalty), also play very impor-

is 1 (link exising), add 0(no changgto the new value. The tant roles on the evolution of e-mail networks.

Akij(tg) is the number of e-mails sent from source note We model the e-mail sent from source node target

target nodg within periodty, Ak;;(ty) =k (t+tg) —k;(t). nodej as the event where nodeselects some target nodes
Deletion As discussed in Sec. |, we can clean up theamong all the nodes in the network. In this way, the analyti-

e-mail address book periodically to slow down the spread otal study of our model can be started by computing the
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probability of each node being selected by nddfer k; 100 o o ° o ° o 0 &
times, O<k; <k. We use a statistical method named gener- oo} sed 3883 s F3 gl
alized Bernoulli trials[20], which is used to calculate the a0l 8 ;}'5 ges g I s g8 e g g
probability of events occurring different times to address thetd 088233 e geo2sege
problem. £ SESET°C° S t=14?td=120,g=2,d=1 1

The size of the network il, and at each time step, every eol 238 ° « t=ta, 1,120, g=3,d=1 ||
source node sendse-mails to other nodes. Some nodes can g 3o ° a 14,1120, g=4, d=1
be selected as target node more than once, representing tha® 5of .‘:"
user can send more than one e-mail to any user, even itsel€ 4l &
We denote the event in which each individual node is se-% 2
lected as receiver by, ,a,, ... ,ay with ) Ve

L < 2o=g’
PL=P2= " =P = (5 10} _?/”’,

in our model. Therefore, as in the case of generalized Ber- % 500 1000 1500 2000
noulli trials, the probability of the evera; occursk; times, '
a, occursk, times, ..., ay occursky times} is 25 . . ;

Patkyky, ... k) = m&y ) , O/’,/ 77 ///////////,

o 1=14,1,-120,6=3,0=0
Ag’ x 1=14,1,=120, =3, d=1
15F a tg=14, td=120, g=3, d=2 |

wheren is the amount of e-mails sent from node 1 to others
within a specific period.

Thus, if we know the values dk;, ks, ... ky}, the prob-
ability in Eqg. (6) above can be calculated, so that the prob- ;
ability of one node havingn outgoing links can be further 10k ; _
studied. £ &

We have written a program to get all the combinations of

vectorsk for every specifiom. However, we found that the 5- f fffffffff "f
computation time required to calculate them is exponential in fffffffffffﬁ

the size of the network, making it impractical for further

analysis. % 500 1000 1500 2000

t

Average number of links E

IV. SIMULATION RESULTS FIG. 1. Effect of generation threshofdand deletion threshold

. . . on the average number of linkg, with a network size ofN
We now investigate the effects of different parameter set— 1000.

tings on the topology of our model, by simulation. We con-

struct the e-mail address network according to the model 1

description in Sec. II. E=-SE 7
NEi - (7)

A. Case I: Equivalent e-mail contact The result of how the generation threshglénd deletion

First, we assume that at each time step, lissendsk; thresholdd affe_ctE is shown in Figs. (Ja)_and 1b), respec-
=k=20 e-malils to other randomly selected users. AIthougﬁ'Vely' We carried out numerous simulations keeping genera-

this assumption may not be an exact scenario in the re%onhinter(\j/gltgzm arédddelit.ilon.inter(\j/ah:12_0 the.same ri1n
world, since a person with more e-mail addresses will prob- oth studies ofg. andd, while in order to investigate the
ably send more e-mails than a person with a small e-maiffect Of generation thresholgl we fixedd=1 with varying

address book, this simplification is made as a starting poind (9=2:3,4, and to study the effect of deletion threshald

of our analysis. In Sec. IV B, we will illustrate the case in "€ generation thresholg was set tog=3 with varyingd

which e-mails are sent from uskrk; relates to the degree of (d:O,l_, 2. i )

nodei. or the size of users address book. In Fig. 1, we find that the results agree well with the

assumptions of our model, as illustrated in Sec. Il. The

graphs show a sawtooth pattern. This can be explained as

follows. The average number of links keeps increasing
The simulations for investigating the average number ofwith the continuous insertion in the generation procedures

links ran for 2000 time steps and the number of nodes in théor a periodt,. After the deletion procedure is carried out

network is set toN=1000. We denote the number of links every ty time steps, theE shows a sudden drop. The total

connected to nodeby E;, thus the average number of links width of one “tooth” of the sawtooth pattern ig Thus the

for the whole networkE is pattern ofE is not an implication of discontinuities, but the

1. Average number of links
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FIG. 2. Effect of generation threshogdon the average number o5

of links with Poisson distribution and a network size Nvf1000: / I I
0=2(:),30x), 4(4). 7 /ﬁ/////
G_P
Tgrowth d

result of the increase and decreaseEofaused by the gen- A t=14,1-60, g=3,d=1
eration and deletion procedures. To further verify this, in- x 1,=14,1,=120, g=3, d=1
stead of implementing discretg andty, we have also run P & o 1;=14.1,-180,9-3, a1
simulations with generation and deletion interval following a

&

Poisson distribution for each user, such that the averagge is

andty. The results are presented in Fig. 2. We can see that th

form of E in Fig. 2 is similar to that in Fig. 1. But it shows ,.1"'#

some slight difference in whick varies irregularly within a

range in?:ig. 2 instead of a clear “sawtoothg” patt)érn in Fig. 1. Y ﬂ,ﬁffffffffi

Furthermore, we can observe that in Fi¢a)1the average S Taroun 1
number of links in the networle with smallerg is always AAMM PPPVPPP |
larger than with biggeg, where links are generated by the s S i
continuous generation procedure according @®nd deleted % 500 1000 1500 2000
by the deletion procedure according do This can be ex- t
plained as follows: in this set of simulations, although source S S
nodes send the same amount of e-mails to some specific 'C: 3- Effect of generation time intervgf and deletion time
nodes, it is more difficult for source nodes to generate linkdt€"valtq on the average number of links with a network size of
to target nodes with the same deletion threshold and high =1000.
generation threshold.

We also find in Fig. a) that, as time elapses, the ten-  In Fig. 3, we show the effect of generation time intertal
dency of E reflects the relationship between the generatiorand deletion time intervaly on E. In order to investigate
and deletion effect on the network. If the generation procethese effects, we fixed some parameters as follgwor the
dure effect is stronger than the deletion procedure as whestudy of generation interva), [Fig. 3a)], we setg=3, d=1,
g=2(c) , the tendency oE is increasing. In contrast, when andt,=120 with varyingty (t;=7, 14, and 2} (i) for the
the generation threshold is high, @s3(X) andg=4(¢), so  study of deletion intervaly [Fig. 3b)], we fixedg=3, d=1,
that the deletion effect is strongé, tends to decrease. Fi- andt,=14 with varyingty (t;=60, 120, and 180
nally, the two procedures balance each other, and the time The evolution oft in Fig. 3 is consistent with the settings
average(over a period larger thaty) of E in the network of time intervalty andty. We can observe that @), with the
becomes constant. samety, E increases ag, increases, and similarly ifb), with

In Fig. 1(b), we can see that with three paramefetg t;,  the samety, E increases agy increases. This is because
and g) fixed, E with smallerd is larger than with bigged, within longer periodbiggerty andty), generally, the number
indicating that smalled causes links between source nodeof e-mails sent from one node to another is more than within
and target node more likely to be deletgdfer to Eq.(4)]. a shorter period so that it is easier to fulfill the requirement
Comparing(b) with (a), the deletion procedures shown in the of generating new links and, on the other hand, harder to
three graphs irfb) seem to dominate the process more tharfulfill the requirement of deleting links. Furthermore, we ob-
the generation procedures. Especially with bigderas d serve that more apparently ¢h), the time intervall gy, Of
=1(X) and d=2(A), E decreases drastically at the early continuous growth of decreases afy decreases. This can
stage of simulation and stays in the stable region after be explained as follows: as described in Sec. Il and above,
=600, indicating that the two effects balance each other verthe generation and deletion procedures are carried out in an
quickly. interlaced manner with asynchrondysndt. If the deletion

15F

ber of links E

num

10

Average
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FIG. 5. Average path length vs timet, with different network
sizes 0fN=200 () and N=300 (+). Parameter settings;=14, tq
=120,9=2, andd=1.

FIG. 4. Average number of linkE vs network sizeN at differ-
ent time stepg=200 (+), t=300 (), andt=2000 (*). Parameter
settings:tg:14,td:120,g=2, andd=1.

procedure is executed more frequer@ynallerty), Ty owth IS = izz > €, (8)
forced to be shorter. N“T

We now investigate the scalability of our e-mail address
network. Figure 4 show< versus different numbers of wherei,j=1,2,...N. We fixed parameters ag=14, t4
nodes in the networkN at t=200 (+), t=300 (), andt =120 g=2, andd=1 with different network sizes ofN
=2000 (*), respectively, withty=14, t;=120, g=2, and =200 (-) andN=300 (+). The result of¢ versust with this
d=1. _ o ~ setting is shown in Fig. 5.

Some evolution characteristics of the network are dis- |t js shown that witiN=200 and\N =300, ¢ monotonously
played in Fig. 4: for one specifitl, E increases as time gecreases as time is elapsing urti#1. The =1 implies
elapsegincreasing t, along the vertical direction for eadh  that every node is directly connected to all other nodes in the
fro_m “+710 "o" t0 “*"). We find that the SDE_EOI of increase of network, indicating the network is fully connected. Average
E is faster in time interva[200, 30Q than in[300, 2000,  path lengths of different networks have been studied, and are
indicating that the network evolves more quickly in the ear-symmarized iM11]. The average path length of “1” of our
lier stage of evolution. Moreover, for small size networks model has not been confirmed by previous empirical re-
such asN=200, 300, and 400, we can see tEateaches its search. However, it is consistent with the algorithm used in
saturated status at the end of evolution, which means that th§,r model. At each time step, every node is assumed to send
network can easily become fully connected when there arg e-mails to other nodes in the network; in the cases of a
only a few nodes in the network. However, for a bigger sizesmg|| size network such a$=200 and\N=300 here, most of
of the network asN>400, the network cannot reach fully the nodes are very likely to receive many e-mails, which
connected status anymore, and\aisicreases, the increase of (egylts in generation of links happening very frequeiidy-

E decreases and even changes to a minor increasel\aftercording to Sec. ). This makes our e-mail network become
=1100. This result is consistent with the assumption Offu”y connected with¢=1 after a period of evolution. More-
equivalent e-mail contact between users, resulting in users igyer, we also think that because of the evolution of technol-
big sizc_a networks usually receiving fewer e-mails than inogy, space and memory for personal e-mail address books
small size networks. become bigger so that people always keep almost all of the
contact addresses in their address books. This indicates that
2. Average path length one node is very likely to connect directly to all other nodes,
resulting in a fully completed graph with the average path

There is no closed formula to compute the average pattength equal to “1.
length ¢ yet. But it is widely accepted that thié follows Furthermore, we found that the valueQf-3 (+) is big-
some scaling form as a function of a network model's pa-ger than the value ofy=po (°) before they reach 1 and it
rameters, e.g. size of netwofk, connection probabilityp,  takes longer fof \-zggthan€y-,0oto reach 1. This resultis in
and so on. accordance with the result shown in Fig. 4 under the same

In our simulation, we use the Dijkstra algorithm to com- setting, in which at the beginning of the evolution of the
pute the shortest path lengtf between any two nodes: node network Ey-,q0=180 is closer to 200, the value &f com-

i and nodg. From this we can obtain the average path lengthpared withEy-300= 200 to 300. The average number of links
for the whole network as E increases untiEy-500=200 andEy-30,=300 become fully
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FIG. 6. Clustering coefficient C vs tintewith different network
sizes 0ofN=1000 () and N=1100(+). Parameter settings;=14, 600
ty=120,9=2, andd=1.

I r=1.05 |
. . == r=1.1
connected. Here we have not studiédor large size net- o e 115
works, because it takes a very long time to compute theE 449/ — =20 ||
shortest path between any two nodes for the whole network® | {7~
But based on the analysis of results shown in Fig. 4 and Fig &
5, we may predict that, for a large size of networks, the § 300] . |
average path length would increase Msncreases, thus it g ;
cannot reach “1” as small size networks do. & 200t H .
@ £
3. Clustering coefficient 2 !

Clustering is another important property of networks to be 100¢ -J |
investigated. The definition of it is provided by the fraction f e mmm—me—————————————————o
of fullyl connected triplegtriangleg to the number of trlple_s % 500 1000 1500 2000
of vertices in the networf21]. Thus the clustering coeffi- t

cientC can be calculated by
FIG. 7. Effect of contact ratio on the average number of links

_ 3 X (number of triangles in the network ) E, with a network size oN=1000. Parameter setting=14, t,
(number of connected triples of vertiges =120,9=2, andd=1.

In our studies, we use an alternative definition®fin  for both of the random graph model and the Barabasi-Albert
[3,11] because it is easier to calculate on a computer fomodel, as the network sizB increases, the average path
simulation, length increases while the clustering coefficient decreases.

For our model, results presented in Fig. 5 and Fig. 6 are in
_ (number of triangles connected to veriigx accord with the indications. In Fig. 5, the average path length
~ (number of triples centered on vertax (10) of N=200 is smaller thaii of N=300. On the other hand, the

clustering coefficient ofN=1000 is larger thanC of N

Then the average clustering coefficiéhfor the whole net-  =1100 as in Fig. 6.
work is (summation over all vertice9 Here, we have studie@ on a large size network, and we
can make a prediction that the clustering coefficient of small
C:EE C. (12) Is;i_ze 6networks would be larger than the results shown in
n ig. 6.

. - _ 2
To studyC, we set the parameters of our simulation as— The time averages. oC are _C’\_':1°OO'4'41X 10 and
g=2,d=1,t,=14, andty=120. We compare th€ of differ- Cn=1100=3.14X 1072, which are similar to the results shown

ent size networks asl=1000 andN=1100. The result is " [13]. .
shown in Fig. 6. This indicates that our e-mail network also has a charac-

We observe that the clustering coeffici€hfluctuates, but teristic property of high clustering, namely as a small-world
within a range. The value of for smaller size networks network.
Cn=100d°) is always bigger than for larger size networks B. Case II: Degree-related e-mail contact
Cn=110d1). In [9,22], the studies on the statistical properties  Having investigated the case of an equivalent number of
of a network as a function of the network sikeshow that e-mail contacts between every individual node and other
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FIG. 9. Effect of generation threshotg and deletion threshold
ty on the average number of links, with a network size ofN
=1000.

FIG. 8. Effect of generation threshoddand deletion threshold
on the average number of linkg, with a network size ofN
=1000.

ing state transition located at a specific value,afo that for
nodes as in case I, we now study the case that at each time<R, links in the network vanish gradually. On other hand,
step, the number of e-mails sent from one node to otherfor r >R, links increase progressively and the number of
relates to the size of the user’s address book. The amount éhks becomes constant at the end, as the results show in Fig.
e-mail sent from userat each time steg is controlled by a 7. However, the location of the absorbing state transition is
constant contact ratio. Therefore, we defing; ask;(t+1) not fixed for simulations with different parameters. For the
=rE;(t), whereE; is the degree of useér or the size of user simulation presented in this paper, it is located=aR, where
i's address book. 0.9<R< 1. We conjecture that the value Bfcorrelates with

First, we investigate the average number of lifksvith settings of parameters.
different contact ratio. Figure 7 shows the results of simu-  In order to study the effects @, d, t;, andty on E in this
lations withty=14,t,=120,g=3, andd=1, (a) forr<1, and case, we set the contact ratis 1.1, sok;(t+1)=1.1E;(t) in-

(b) for r>1, respectively. We find thdt is much smaller for stead ofk;=20, while keeping other parameters the same as
r=1 than forr>1. In (a), whenr <0.9, the average number in case | as follows(i) for study ofg, t;=14,;=120,d=1,

of links vanishes gradually as time elapses. For the case @ndg=2,3,4;(ii) for study ofd, t;=14t;=120,9=3, and
r=0.99 and =1, althougrE decreases at the beginning, after d=0,1,2; (iii) for study of ts, t;=120,9=3,d=1, andt,

a time period, the tendency of decrease stops and nodes havé&,14,21; (iv) for study of ty, t;=14,g=3,d=1, andty
several connections in the network. i), E increases =60,120,180. Simulation results are shown in Fig. 8 and
steadily as time elapses until it reaches some value and ré&ig. 9.

mains constant afterwards. This is more noticeable for bigger In Fig. 8 and Fig. 9, we can see that the overall valug of
values ofr such ag=1.5 andr=2.0. in this case is much larger than in case I, but it is because of

Through large numbers of simulations with different pa-the high contact ration that we have chosen. Moreover, we
rameters, we find it is observable that there exists an absorlebserve that instead of the sawtooth pattern shown in graphs
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in case |,E appears to be more smooth in this case. Througltase | with equivalent e-mail contact have been found.
investigation of the amount of links having been generated

by the generation procedure at evepy and links having V. CONCLUSION

been deleted by the deletion procedure at evgryve find In this paper, we have constructed and studied a novel

that the smoothness & is a result of the fact that there is model of evolving e-mail networks with nodes as users’ ad-
always only one of the two procedures dominating the net- 9

work so that the sawtooth pattern disappears, and we a|sgess books and links as the rec_ords of e-mail addresses in
find that both of the two procedures play a lesser role on thd'e address books. Our model is close to the real world,
network when it is in the later stage of evolution. On theWhile still keeping the simulations feasible. We apply the
other hand, in case I, because both the generation proceduf€a of the evolution to the network by generating and delet-
and the deletion procedure play important roles on the neting links within specific time intervals. The model has been
work all the time, the deletion procedure can obviously re-analyzed by using a probabilistic method and simulations.
duce the increase & by continuous and even more frequent Two cases of e-mail contact sent from one user to other users
(because values df, are larger tharty) execution of the ateach time step have been considered in the simulations:
generation procedure, resulting in the sawtooth patternequivalent e-mail contactii) degree-related e-mail contact.
Therefore, we can predict that by strengthening effects of th&or both cases, we find that the statistical properties of this
relatively weaker procedure, or by weakening effects of theevolving e-mail network, such as average number of links,
stronger procedures will appear with the sawtooth pattern average path length, and clustering coefficient, are strongly
more likely than smooth behavior. For example, for theaffected by various parameter settings in simulations. We
graph represented by “0” in Fig. 8, it can be implemented byobserve that the average number of links tends to increase or
increasingg andd or decreasindg andtg. decrease depending on the values of generation and deletion

On the other hand, we find some similar effects of differ-threshold, and also the time interval to execute the genera-
ent parameters ot to case l:(i) E increases ag or d tion and deletion procedures. Furthermore, in case I, the ten-
decreases, whil& increases, ag, or ty increases, as shown dency of the average number of links and the sawtooth pat-
in Fig. 8 and Fig. 9yii) E with g=2 is significantly larger tern reflects the relationship between generation and deletion
than withg=3 andg=4 as in Fig. 8 andE with d=0is  procedures. Ultimately, the network reaches a stage at which
also significantly larger thaik with d=1 andd=2 in Fig.  the time averagéover a period larger thaty) of the number
8(b); (iii ) E tends to become stabilized in the later part of theof links in the network becomes constant. In case Il, the
evolution process, as shown in Fig. 8 and Fig. 9. We find thesawtooth pattern disappears aRdbecomes more smooth.
reason for this is that generation and deletion of links rarelyMoreover, by analyzing simulation results in case |, we ob-
happen, soE remains unchanged after the network hasserve that for small-sized networks, the average path length
evolved for a while. However, in case |, although the timebetween two nodes decreases as time elapses. With small
averaggover a period larger thaty) of E becomes constant, values of average path length and high clustering coefficient,
this is because the two procedures happen continuously arir evolving network exhibits small-world characteristic
balance each other after a while. properties.

Having studied case Il with degree-related e-mail contact, The ideas of evolving e-mail networks presented in our
some similarities and some general laws of how differentmodel can be also applied to model other real networks. This
parameters affect the properties of the network as shown iwill be the subject of further work.
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